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Tissue  engineering  has  the potential  to revolutionize  medical  therapies,  in the  ultimate  case  being  able
to grow  replacement  organs.  Different  cell  types  are  organized  speciﬁcally  within  tissues,  thus,  materi-
als  that  can  effectively  direct  speciﬁc  cell  lines  spatially  in a  milieu  of  other  proteins  and  cell  types  are
required  to engineer  tissues.  The  development  of materials  with  cell sorting  abilities  requires  an  advanced
understanding  of  cell–surface  interactions  speciﬁc  to  a particular  cell  type.  Toward  the  goal  of producing
a  lung  tissue  model,  we investigated  the  interaction  of  both  ﬁbroblastic  MRC5  and  epithelial  Calu3  cells
with  a 116  member  polymer  library.  A  number  of  materials  were  identiﬁed  that  preferentially  bound
one  of  the  two  cell  types.  Chemometric  analysis  of  the  cell–material  interactions  was  conducted  using
partial  least  square  regression  of  the  surface  chemistry  with  the  number  of attached  cells.  Fibroblast  cell
attachment  was  successfully  predicted  by assessing  only  the  surface  chemistry  of the  polymeric  materials
used  in  this  study.  Epithelial  cell attachment  was  also  successfully  modeled  from the polymers’  surface
chemistry;  however,  this  model  did not  capture  all of  the  variance  within  the  Calu3  cell  attachment
dataset,  suggesting  that  this  cell line  is more  responsive  to surface  properties  outside  those  represented
in  a  time-of-ﬂight  secondary  ion  mass  spectrum.  Fibroblasts  were  found  to  attach  preferentially  to  mod-
erately hydrophilic,  amine  functional  materials.  The  improved  understanding  of the  biological-material
interactions  assessed  in  this  study  will  underpin  further  development  of  engineered  lung tissue.
© 2014  The  Authors.  Published  by Elsevier  B.V.  This  is  an open  access  article  under  the  CC  BY-NC-SA. Introduction
Current limitations in the conventional treatment of airway dis-
ase and trauma has driven research toward tissue engineering of
racheal tissue that could be used in reconstructive surgery [1].
he trachea is generally considered to be a tissue of simple nature
ith tracheal tissue comprised principally of epithelial cells. Engi-
eering tissue replacements for further down the respiratory tract
equires additional cell types such as smooth muscle cells and
broblast cells. Co-culture systems add complexity to recreating
n vivo like tissue as the organization and synergistic interactions of
ells within the constructed tissue must be considered. Engineering
ung tissue from deeper within the respiratory tract has signiﬁcant
esearch applications as the tissue can be used for mass screening
f new medical treatments, alleviating the bottle neck of animal
nd clinical testing, in addition to being used for modeling dis-
ase. To achieve this, a facile method to assemble the numerous cell
∗ Corresponding author. Tel.: +44 115 8466276.
E-mail address: andrew.hook@nottingham.ac.uk (A.L. Hook).
ttp://dx.doi.org/10.1016/j.apsusc.2014.06.111
169-4332/© 2014 The Authors. Published by Elsevier B.V. This is an open access article unlicense  (http://creativecommons.org/licenses/by-nc-sa/3.0/).
types involved is required. One strategy to achieve this would be
to develop materials that different cells show preferential adhesion
to, which would allow cells to spatially self-assemble into an in vivo
lung model. These materials could then be constructed in the shape
of a lung to act as a scaffold for tissue development [2,3]. Differen-
tial cell adhesion has been previously demonstrated based upon the
materials’ chemical and mechanical properties [4,5]. For example,
different adhesion efﬁciencies were observed for dermal ﬁbroblasts
and lens epithelial cells within hydrogels where the relationship
between the polymer’s structural and mechanical properties was
correlated with cell adhesion [6].
In cases where the cell–material interaction is well understood
materials can be directly developed from this knowledge to achieve
the desired biological function. High throughput screening offers an
alternative to this approach in cases where the cell-surface interac-
tion is not well understood [7–9], whereby hundreds to thousands
of candidate samples are screened in parallel for a desired biolog-
ical response such as cell attachment [10]. Polymer microarrays
have become a key enabling technology for high throughput mate-
rials discovery [8,11,12], and have been used to screen for a
variety of properties including polymers that exhibit switchable
der the CC BY-NC-SA license (http://creativecommons.org/licenses/by-nc-sa/3.0/).
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roperties, support stem cell attachment, or resist bacterial
ttachment [13–21]. Hundreds to thousands of unique mate-
ial compositions can be expressed on a single glass slide
n the polymer microarray format, allowing for the parallel
ssessment of biological-material interactions. This approach is
deally suited for developing novel materials that a particu-
ar cell type speciﬁcally attaches to. Previous work by Tare
t al. [22] utilized polymer microarrays to screen a library
f 120 polyurethanes to identify materials that human bone
arrow-derived STRO-1+ skeletal progenitor cells speciﬁcally
ttach to compared with immature osteoblast-like MG63 cells,
uman fetal skeletal cells and osteoblast-like cells. In the present
tudy the poly(meth)acrylate/poly(meth)acrylamide combinato-
ial space was exhaustively screened using polymer microarrays
15]. An array was produced containing 116 homopolymers of all
he commercially available (meth)acrylate and (meth)acrylamide
onomers compatible with the in situ polymerization polymer
icroarray format [23].
In addition to materials discovery, the large number of
ell–material interactions observed on a microarray can be used
o enhance the understanding of the underlying material prop-
rties that control the biological response. This knowledge can
e subsequently used to develop future generations of materi-
ls [15,17,19]. High throughput surface analysis of the materials
resent on the array is required to provide the surface chemical
nd mechanical properties that the biological response can then
e correlated with. Atomic force microscopy, water contact angle
WCA) analysis, surface plasmon resonance, X-ray photoelectron
pectroscopy and time-of-ﬂight secondary ion mass spectrometry
ToF-SIMS) have all been successfully applied to study materials on
 microarray [24–28]. Correlating material properties and biolog-
cal response has been achieved for large libraries of materials by
odeling a measured biological property such as cell density with
he hundreds of ions present in a ToF-SIMS spectrum using par-
ial least square (PLS) regression. This was initially demonstrated
y correlating the WCA  with ToF-SIMS spectra [29] and has sub-
equently been used to predict stem cell and bacterial attachment
15,17,21]. This method has been applied to provide new insight
nto the interaction of epithelial and ﬁbroblast cells with a library
f poly(meth)acrylates and poly(meth)acrylamides.
. Materials and methods
.1. Polymer microarray formation
Polymer microarrays were formed as previously described
23,30] using a XYZ3200 dispensing workstation (Biodot). Poly-
erization solution composed of 75% (v/v) monomer (Sigma)
n dimethylformamide (DMF) with 1% (w/v) photoinitiator
,2-dimethoxy-2-phenylacetophenone was printed onto epoxy-
unctionalized glass slides (Genetix) dip coated in 4% (w/v)
oly(hydroxy ethylmethacrylate) (pHEMA) (Sigma, cell culture
ested) in ethanol using 946PM6B pins (ArrayIt) at O2 < 2000 ppm,
5 ◦C, 40% humidity. After printing each material, slides were irra-
iated with a long wave UV source for 30 s. Slides were irradiated
or a further 10 min  once all materials had been printed. Once
rray formation was complete the slides were vacuum extracted
t <50 mTorr for 7 days.
.2. Cell cultureThe cell lines Calu3 and MRC5 (LGC Standards cell bank) were
outinely cultured in isolation within a humidiﬁed incubator at
7 ◦C and 5% CO2. The cells were maintained in 75 cm2 ﬂasks
CorningTM, Fisher Scientiﬁc) in Dulbecco’s modiﬁed Eagle’s-F12cience 313 (2014) 926–935 927
medium (DMEM-F12; Invitrogen) for Calu3 cells and Dulbecco’s
modiﬁed Eagle’s medium (DMEM; Invitrogen) for MRC5 cells. Both
types of media were supplemented with 10% (v/v) fetal calf serum
(FCS; Sigma–Aldrich), 2 mM l-glutamine solution (Sigma–Aldrich)
and 1% (v/v) pen/strep (10,000 units/mL penicillin G,  100 mg/mL
streptomycin sulphate; Sigma–Aldrich). All supplements were
passed through a 0.2 m ﬁlter into the medium. Serial passages
were made by enzymatic digestion (trypsinisation) using a trypsin
(0.25%, v/v), ethylenediaminetetraacetic acid (EDTA) (0.02%, w/v)
solution in PBS pH 7.4, following which the solution was neutral-
ized and cells were centrifuged and the pellet re-suspended before
re-plating.
2.3. Assessing cell population
Cell suspensions of either MRC5 or Calu3 cells (5 mL)  were
seeded into a 4 well plate (Nunc, Fisher Scientiﬁc) containing the
UV sterilized (10 min) polymer slide. The well plate was placed
onto a rocking plate (Stuart, SSL4, speed 3) located inside a humid-
iﬁed incubator (37 ◦C, 5% CO2) to distribute cells over the polymer
microarray slide. After 24 h the plate was then removed from
the rocking plate to allow cells to culture in static conditions
for a further 24 h. Following the incubation period cells were
washed twice with PBS, and ﬁxed in 4% paraformaldehyde (Electron
Microscopy Sciences) before staining with 300 nM 4′,6-diamidino-
2-phenylindole (DAPI, ex 358 nm,  em 461 nm; Molecular probes)
in PBS for 5 min  and subsequent rinsing with PBS. Cells were
imaged using an Olympus IX51 ﬂuorescence microscope and a
Smart Imaging System (IMSTAR S.A.) with a 10× objective lens.
Image mosaics were reconstructed and cell numbers were counted
using PathﬁnderTM software.
2.4. Time-of-ﬂight secondary ion mass spectrometry (ToF-SIMS)
ToF-SIMS measurements were conducted using a ToF-SIMS 4
(IONTOF GmbH) instrument operated using a 25 kV Bi3+ primary
ion source exhibiting a pulsed target current of ∼1 pA. Samples
were scanned at a pixel density of 100 pixels per mm,  with 8
shots per pixel over a given area. An ion dose of 2.45 × 1011
ions per cm2 was applied to each sample area ensuring static
conditions were maintained throughout. Both positive and neg-
ative secondary ion spectra were collected (mass resolution of
>7000), over an acquisition period of 15 scans (the data from which
were added together). Owing to the non-conductive nature of the
samples, charge compensation was  applied in the form of a low
energy (20 eV) electron ﬂoodgun. Large area scans were taken
from the entire polymer microarray and regions of interest were
selected from the image to extract spectra from individual poly-
mers.
2.5. Partial least-squares regression (PLS) analysis
Correlations between ToF-SIMS spectra and cell adhesion were
analyzed using PLS regression. In total 639 positive and 940 neg-
ative ions were selected to form the peak list. Both positive and
negative ion peak intensities in a ToF-SIMS spectrum were dead
time corrected [31] and then normalized to the respective total
secondary ion counts to remove the inﬂuence of primary ion beam
ﬂuctuation. The positive and negative ion intensity data were
arranged into one concatenated data matrix, which was mean-
centered and square root mean scaled prior to analysis [32–34].
PLS analysis was carried out using PLS Toolbox 5.2 software (Eigen-
vector). For cross-validation, the dataset was randomly split into a
training group, containing 75% of the samples, and a test set, con-
taining the remaining 25% of samples [35,36]. The test set were
selected by ranking the samples by cell number and randomly
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electing 25% of samples from the lowest 25%, middle 50% and high-
st 25% of samples. The training set was formed from the remaining
amples. This method was done to ensure both the test and training
et contained polymers representing an even spread of low, middle
nd high cell attachment. To avoid overﬁtting, the number of vari-
bles within the x-block (the number of SIMS ions) was reduced to
he same order of magnitude as the number of samples [37,38]. An
nitial PLS model was created and variables with a regression coefﬁ-
ient below 10% of the highest regression coefﬁcient were removed
nd the model was recreated with the reduced set of variables. This
as repeated a second time such that in total the number of x-
ariables used was 155 and 116 for the MRC5 and Calu3 models,
espectively. A “leave one out” cross validation method was used
n the PLS regression analysis of the training set. PLS models were
onstructed using latent variables corresponding to local minimum
ig. 1. Fluorescence images of Calu3 cells stained with DAPI grown on the polymer microa
f  the polymer spots are highlighted with a circle as a guide. The scale bar is 1 mm.  The 
bottom) cell attachment. The scale bar for the insets is 100 m.cience 313 (2014) 926–935
or inﬂection points in the root mean square error of cross valida-
tion (RMSECV) curve. These PLS model were validated by applying
to the test set. The ﬁnal PLS model was  constructed using the latent
variable whereby the R2 value for the test set was a maximum and
close to the R2 value of the training set.
2.6. Water contact angle (WCA) analysis
A water droplet with a volume of 100 pL was  dispensed by a
piezo doser onto each polymer sample using a DSA100 (Krüss).
Contact angle measurements were taken from 4 repeat polymer
spots using a Pike F-032B high speed camera (Allied Vision Tech-
nologies) [26]. Ultrapure water was used for all CA measurements
(18.2 M resistivity at 25 ◦C).
rray for 48 h. On the left an overview of the entire array is shown, and the positions
insets show enlarged images of examples of high (top), medium (middle) and low
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. Results and discussion
.1. High throughput assessment of cell attachment
An array of 116 unique homopolymers was produced using
he in situ polymerization method [23]. This array was screened
eparately for the attachment of both ﬁbroblastic MRC5 and epithe-
ial Calu3 cells. After 48 h in culture, adherent cells were stained
ith the DNA binding dye DAPI and the number of cells on each
olymer was assessed. The resultant ﬂuorescence images of the
rray for Calu3 and MRC5 cells are shown in Figs. 1 and 2, respec-
ively. Cell numbers were assessed across 6 replicate arrays and
ig. 2. Fluorescence images of MRC5 cells stained with DAPI grown on the polymer microa
f  the polymer spots are highlighted with a circle as a guide. The scale bar is 1 mm.  The 
bottom) cell attachment. The scale bar for the insets is 100 m.cience 313 (2014) 926–935 929
averaged for each polymer. A range of cell numbers were observed
across the polymer microarray, varying from high cell attach-
ment (≈100 cells/spot) to no cells. The measured cell number for
each polymer assessed is available in the supplementary infor-
mation. A total of 38 polymers bound both cell types, 66 bound
no cell types, 4 bound Calu3 cells only and 8 bound MRC5 cells
only (Fig. 3A). The chemical structures of the monomers that
bound speciﬁcally Calu3 and MRC5 are shown in Fig. 3B. The
materials that supported cell attachment for both cell lines con-
tained tertiary amine groups in the monomer’s pendant group,
suggesting that a positive surface charge improves the attach-
ment of both cell lines. The pendant groups of the monomers
rray for 48 h. On the left an overview of the entire array is shown, and the positions
insets show enlarged images of examples of high (top), medium (middle) and low
930 A.D. Celiz et al. / Applied Surface Science 313 (2014) 926–935
Fig. 3. (A) Quantiﬁed cell data on the polymer array, plotting number of Calu3 cells against the number of MRC5 cells. Four groups of materials are of interest and are
highlighted by different colors. 1. Materials that bind both cell types (); 2. Materials that bind no cell types ( ); 3. Materials that bind only MRC5 cells ( ); and 4. Materials
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ihat  bind only Calu3 cells ( ). (B) Monomers associated with materials that bound
hat each line speciﬁcally attached to are diverse (Fig. 3B), thus,
t is difﬁcult to determine the chemical functionality associated
ith speciﬁc cell attachment by assessing the monomer structures
lone.
.2. Surface analysis
To further investigate the structure-function relationship gov-
rning the selective attachment of either Calu3 or MRC5 cells we
ssessed the surface chemistry of each polymer by ToF-SIMS [28]
nd explored correlations between the surface chemistry and cell
ttachment using PLS regression [29]. Large area ToF-SIMS scans
11,39] produced chemical maps of the entire polymer microar-
ay (Fig. 4). Large spots were observed for some polymers due
o the spreading of monomer prior to curing [36]. The area of
pots observed in the ToF-SIMS ion images informed the areas that
eeded to be assessed to determine the number of cells attached.
s the spots were sequentially spotted and cured it is unlikely
hat monomer mixing occurred. Extracted spectra for individual
olymers were taken from regions covering the entire spot. The
xpected position of ﬂuorine and nitrogen containing monomers
atched the pattern of high intensity regions observed on chemi-al maps of secondary ions F− and CN− (Fig. 4B and C). This suggests
he pins were adequately washed between print runs to avoid
ross-contamination between sequentially printed monomers. An
nverse image of the array was also obtained by producing a
Fig. 4. ToF-SIMS images of the polymer microarray for (Aalu3 or MRC5 cells are shown schematically.
chemical map  of the secondary ion C4H5O2− (Fig. 4D), which is
representative of the pHEMA background layer. By considering all
three chemical maps, or by considering chemical maps of ions
characteristic of a speciﬁc monomer, we were able to conﬁrm
that all polymers had been successfully printed. ToF-SIMS spec-
tra were obtained for each polymer by extracting data from a
selected region-of-interest that corresponded to a speciﬁc poly-
mer.
3.3. Chemometric analysis
The cell response to the polymeric library could not be directly
correlated with a single SIMS ion due to the large number and
diverse nature of the polymeric materials used in the study. Thus,
PLS regression was used to correlate the surface chemistry of
the polymers as measured by ToF-SIMS with the number of cells
attached from each cell line. The log10 of cell attachment was
used in order to prevent weighting the model toward high cell
attachment polymers [35,40]. The 116 polymers were split into
a training and test set at a ratio of 75:25. To validate the model,
RMSECV curves were ﬁrst produced using the ‘leave one out’
method [29] to determine the number of latent variables used for
the PLS models (Fig. 5A and C). This method can provide an overly
optimistic estimate of the predictive power of the model, partic-
ularly in the case of a large sample set [38,41]; thus, these curves
were only used as an initial guide. For further validation, multiple
) total ion count, (B) F− , (C) CN− and (D) C4H5O2− .
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Fig. 5. Cross validation of PLS models for (A and B) MRC5 and (C and D) Calu3. (A and C) RMSECV curves. (B and D) The coefﬁcient of determination (R2) for a graph of the
predicted versus the measured values from the PLS models produced using varied numbers of latent variables for the training ( ) and test ( ) sets. The number of latent
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sariables selected to produce the PLS models was 6 for MRC5 and 7 for Calu3.
LS models were produced from the training set using different
umbers of latent variables, suggested by the RMSECV curves.
hese models were applied to the test and training sets and the
2 values were calculated for the predicted versus the measured
alues (Fig. 5B and D). The number of latent variables where the
2 value for the measured versus predicted curves for the train-
ng and test sets was most similar was used to produce the ﬁnal
LS models. This method of validation ensured the resultant PLS
odels were not overﬁtted [37,38]. A total of 6 latent variables
ere used to model MRC5 cell attachment, whilst 7 latent vari-
bles were used to model the Calu3 cell attachment. The average
tandard error of each measurement of MRC5 cell numbers was
.28 and for Calu3 cell numbers was 0.26. This error will reduce
he total variance that can be captured within the ﬁnal PLS mod-
ls. The R2 value for the plot of the predicted versus the measured
urve for MRC5 cell attachment was 0.75 for the training set
nd 0.61 for the test set whilst the standard error of the esti-
ate (SEE) for the training set was 0.30 log(MRC5 cell number)
log(nMRC5)) and the standard error of prediction (SEP) for the
est set was 0.35 log(nMRC5) (Fig. 5A). This suggests that the PLS
odel accounts for 75% of the variance within the dataset for
RC5 cell attachment. Excluding error, this is the total variance
ithin the dataset that the PLS model would be expected to cap-
ure. Thus, the level of MRC5 cell attachment to a polymer was
uccessfully predicted by only assessing the surface chemistry of
he polymer substrate. This suggests there is a strong correlation
etween polymer surface chemistry and MRC5 cell attachment.
he R2 value for the plot of the predicted versus the measured
urve for Calu3 was 0.50 for the training set and 0.46 for the test
et whilst the SEE for the training set was 0.31 log(nCalu3) andthe SEP for the test set was  0.27 log(nCalu3) (Fig. 5B). Excluding
noise, this model captures 68% of the variance within the Calu3
cell attachment dataset. This suggests that Calu3 cells respond to
surface properties outside those represented within the ToF-SIMS
spectra.
In the PLS model each ion within the ToF-SIMS spectra is
assigned a regression coefﬁcient. The ions that most strongly
inﬂuence the model are identiﬁed by identifying ions with the
largest positive or negative coefﬁcient. As the model for MRC5
attachment showed good predictive power the regression coef-
ﬁcients of this model were assessed (Fig. 6B). The top ions with
the highest or lowest regression coefﬁcient are listed in Fig. 6C.
A number of ions associated with speciﬁc monomer pendant
groups correlated positively with MRC5 cell attachment. For exam-
ple, C3H8N+ and C5H10N+ associated with tertiary amine groups,
C7H11+ associated with the norbornyl group, and C7H7+ associ-
ated with the benzyl group all had high regression coefﬁcients.
Additionally a number of small mass fragments that are com-
mon  to all polymers such as C3H5+ and C2H− correlated with
high MRC5 cell attachment. It is possible that the PLS model is
applicable to a broader chemical diversity and therefore more
robust due to the high regression coefﬁcients associated with these
more ubiquitous mass fragments. Generally, higher intensities for
short aliphatic carbon fragments were observed for di- and tri-
acrylates/acrylamides compared with monoacrylate/acrylamide
based polymers, which may  suggest MRC5 cell attachment is pro-
moted on cross-linked polymers. The ions C4H7O+ and C2HO3−,
associated with the dimethyl--butyrolactone group of monomer
acryloyloxy-,-dimethyl--butyrolactone, and C4H10N+, associ-
ated with the tertiary amine on monomer dimethylamino-ethyl
932 A.D. Celiz et al. / Applied Surface Science 313 (2014) 926–935
Fig. 6. Summary of the PLS model used to predict MRC5 cell numbers. (A) Predicted versus measured log(cell numbers) for the training ( ) and test ( ) sets. The R2 values
were  0.75 and 0.61 for the training and test sets, respectively. The y = x line is drawn as a guide. (B) The regression vector for the PLS model showing the regression coefﬁcients
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ethacrylate (DMAEmA) were assigned a negative regression
oefﬁcient and were therefore associated with preventing MRC5
ttachment. The homopolymer of DMAEmA produced a hydrophilic
olymer (WCA = 36.2◦) with low MRC5 cell attachment of 1.75 cells
er spot. This contrasted with the high cell attachment of >15 cells
er spot to tertiary amines with a propyl linker between the ter-
iary amine and acrylate group, whose WCA  was  in the range of
7.4–81.3◦ and were thus more hydrophobic than polyDMAEmA.
he PLS regression analysis was thus able to detect this subtle
hange in chemistry and its impact on cell attachment. The ability
f MRC5 to distinguish between the subtle chemical differences of
ertiary and secondary amines suggests that this cell line responds
trongly to both the extent of hydrogen-bond formation and surface
harge.
The regression vector from the PLS model produced for Calu3
ell attachment (Fig. 7B) was also assessed to gain insight into the
hemical moieties that this cell line responds to. The ions with
igh regression coefﬁcients (Fig. 7C) were speciﬁc to homopoly-
ers, thus, highlighting the polymers that promoted Calu3 cell
ttachment. Ions C17H35O8−, associated with long-chain ethylene
lycol moieties, and ions C10H19O−, C2H5O+, associated with long
liphatic carbon groups both were assigned a negative regression
oefﬁcient (Fig. 7D), and thus are associated with preventing Calu3
ell attachment. The low-fouling properties of ethylene glycol moi-
ties have previously been reported [42]. As these ion fragmentsghest and (D) lowest regression coefﬁcient. The key ions and respective monomers
were observed in the Calu3 PLS model but not the MRC5 model, it
is possible that the Calu3 cells are more sensitive to the anti-fouling
properties of ethylene glycol in comparison with MRC5 cells.
In addition to surface chemistry it is likely that the Calu3 cell
line responds to other material properties such as roughness and
hardness that convolute the cell response when considering sur-
face chemistry alone. These properties are largely inﬂuenced by
the manufacturing methodology rather than the monomer com-
position. Previously epithelial cells have been found to respond
to surface roughness [43,44] in addition to responding to surface
chemistry [45]. It is thus likely that these surface properties con-
tribute to the variance within the dataset that the PLS model was
unable to capture.
In order to assess the differences between MRC5 and Calu3 cell
attachment a PLS model was produced to predict the difference
between MRC5 and Calu3 cell numbers for each polymer (Fig. 8).
The RMSECV curve was used to identify the number of latent vari-
ables that should be used to avoid over-ﬁtting, and this was further
validated by ﬁnding the R2 value for the PLS models produced using
different numbers of latent variables for both the training and test
sets. Two  latent variables were used to produce the PLS model for
the different between MRC5 and Calu3 cell numbers. The R2 value
for the plot of the predicted versus the measured curve for Calu3 –
MRC5 cell numbers was  0.50 for the training set and 0.38 for the test
set whilst the SEE for the training set was 0.48 log(nCalu3 − nMRC5)
A.D. Celiz et al. / Applied Surface Science 313 (2014) 926–935 933
Fig. 7. Summary of the PLS model used to predict Calu3 cell numbers. (A) Predicted versus measured log(cell numbers) for the training ( ) and test ( ) sets. The R2 values
were  0.50 and 0.46 for the training and test sets, respectively. The y = x line is drawn as a guide. (B) The regression vector for the PLS model showing the regression coefﬁcients
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nd the SEP for the test set was 0.52 log(nCalu3 − nMRC5). The
egression coefﬁcients assigned for this PLS model were evaluated
o identify chemical moieties associated speciﬁcally with either of
he two cell lines: a positive regression coefﬁcient was associated
ith Calu3 cell attachment and a negative regression coefﬁcient
as associated with MRC5 cell attachment. The highest and low-
st regression coefﬁcients are shown in Fig. 8E and F. A number of
ons with either positive or negative regression coefﬁcients were
peciﬁc to particular monomers, and thus highlighted the poly-
ers that one cell type preferentially attached to. A number of
ons not speciﬁc to a single monomer and thus more informative
bout general trends were assigned a negative regression coefﬁ-
ient and were therefore associated with MRC5 cell attachment.
hese ions, including CH3O+, C3H3+, CH3+, and C3H5+, were gener-
lly more intense in the spectra of diacrylates. This suggests that
RC5 cells attach preferentially to cross-linked materials com-
ared with Calu3 cells, and this material property may  be utilized
or the design of a material that can speciﬁcally attach MRC5 cells
ver Calu3 cells. The preference for REF52 ﬁbroblasts and human
ermal ﬁbroblasts to attach to stiffer substrates has been previ-
usly observed using stiffness gradients [46,47]. The response of
pithelial cells to surfaces with variable stiffness has also been
nvestigated. The attachment of MCF10A epithelial cells to poly-
crylamide gels was not altered by changes in stiffness, although
he migration of the cells across the substrate was  enhanced onghest and (D) lowest regression coefﬁcient. The key ions and respective monomers
stiffer gels [48]. In another study epithelial 344SQ cells were encap-
sulated in 3D matrices with variable stiffness. All materials studied
supported 344SQ culture, although greater cell outgrowth was
observed in the softer matrix [49]. Together these studies sug-
gest that, although cell phenotype is sensitive to material stiffness,
epithelial cell attachment is not as sensitive to material stiffness
compared with ﬁbroblast cells, which is consistent with the con-
clusions from the present work.
The interaction of cells with a polymer surface is mediated by
protein adsorption [17,50], which is strongly dependent on the
hydrophobicity of the surface [51]. Additionally a positive sur-
face charge can attract the negatively charged cell membrane
through electrostatic interactions [52,53]. In the present case it is
likely that MRC5 cells are attracted to positively charged surfaces,
however, a more hydrophobic surface is additionally required to
induce the necessary protein adsorption layer for cells to adhere
and spread on the surface. Improved adhesion of 3T3 ﬁbroblasts
on amine-functional surfaces that are moderately hydrophilic has
been previously observed [54,55]. In one example, a preference of
3T3 ﬁbroblasts for amine functional allylamine plasma polymer
(ppAAm) over hydrophobic hexane plasma polymer (ppHex) was
observed using chemical gradients [55]. For this system the WCA
measured on the ppAAm was  60◦ (compared with 93◦ for ppHex),
which is within the range found to promote cell attachment in the
present study.
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Fig. 8. Summary of the PLS model used to predict differences between Calu3 and MRC5 cell numbers. (A and B) Cross validation of PLS model: (A) RMSECV curve and (B)
the  coefﬁcient of determination (R2) for a graph of the predicted versus the measured values from the PLS model produced using varied numbers of latent variables for the
training ( ) and test ( ) sets. The number of latent variables selected to produce the PLS models was 2. (C) Predicted versus measured log(Calu3–MRC5 numbers) for the
training  ( ) and test ( ) sets. The R2 values were 0.50 and 0.38 for the training and test sets, respectively. The y = x line is drawn as a guide. (D) The regression vector for the
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mLS  model showing the regression coefﬁcients for both positive and negative ions. 
RC5  attachment.
. Conclusions
A polymer microarray approach has been used to screen
or materials that support the attachment of either ﬁbro-
last or epithelial cells. In total 8 materials were identiﬁed
hat speciﬁcally bound MRC5 cells, whilst 4 materials specif-
cally bound Calu3 cells. The attachment of MRC5 cells was
uccessfully predicted from the chemical information repre-
ented by a ToF-SIMS spectrum, indicating that this cell line
esponds to surface chemistry. Speciﬁcally, amine-functional,
oderately hydrophilic polymers were most favorable for cell
ttachment, and diacrylate functional monomers were impli-
ated in promoting speciﬁc MRC5 cell attachment. A weak
orrelation between Calu3 cell attachment and surface chem-
stry was observed, suggesting that this cell line is also
nﬂuenced by the material’s physical properties that are not
etermined by composition but rather from the method of
ynthesis. The PLS analysis also highlighted disparities in the
esponse of ﬁbroblast and epithelial cells to material stiffness
nd roughness. These insights develop the understanding of the
ell-material interactions associated with ﬁbroblast and epithe-
ial cell culture and will underpin the development of lung tissue
odels. F) Tables of the secondary ions speciﬁc to (E) only Calu3 attachment and (F) only
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